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ABSTRACT
With generous support from the National Science Foundation, we have spent the past four years developing an archaeological radiocarbon
database for the United States. Here, we highlight the importance of spatial data for open-access, national-scale archaeological databases
and the development of paleodemography research. We propose a new method for analyzing radiocarbon time series in the context of
paleoclimate models. This method forces us to confront one of the central challenges to realizing the full potential of national-scale
databases: the quality of the spatial data accompanying radiocarbon dates. We seek to open a national discussion on the use of spatial data
in open-source archaeological databases.
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Con el apoyo generoso de la National Science Foundation, hemos desarrollando en los últimos cuatro años una base de datos arqueológicos
de radiocarbono para los Estados Unidos. Con esta base pretendemos destacar la importancia de los datos espaciales para las bases de datos
arqueológicas a escala nacional de acceso abierto. Proponemos un nuevo método para analizar las series de tiempo de radiocarbono en el
contexto de losmodelos paleoclima. Estemétodo nos ayuda a enfrentar uno de los retos principales y de estamanera aprovechar el potencial
total de las bases de datos a escala nacional: la calidad de los datos espaciales que acompaña a las fechas de radiocarbono. Aquí buscamos
abrir una discusión nacional sobre el uso de los datos espacial en bases de datos arqueológicas de acceso abierto.
Palabras clave: ciencia abierta, acceso abierto, macrodatos, datos radiocarbónicos, fechas como datos, paleodemografía, modelos
paleoclimáticos, Sistema de Información Geográfica (SIG)
Archaeology currently sits at one of the most important crossroads
in its disciplinary history, one created by the movement toward
Open Science (Marwick et al. 2017) and the potential to develop
Big Data. Open Science approaches make data and the methods
used to analyze them openly available to professionals and public
stakeholders to democratize science and enhance the reproduci-
bility of research (OECD 2015). Big Data examines problems at
various scales of research, up to a global scale (Chaput and
Gajewski 2016; Chaput et al. 2015; Freeman et al. 2018; Zahid et al.
2016), and overcomes limitations in small datasets with the “power
of numbers.” These approaches bring great promise for the future
of archaeology and its role in the twenty-first century.
Simultaneously, they open legal and ethical challenges for
protecting and preserving cultural heritage resources.
These challenges are apparent in the recent development of large
open-access archaeological radiocarbon databases. For example,
the Canadian Archaeological Radiocarbon Database (CARD;
Gajewski et al. 2011; Martindale et al. 2016) houses tens of thou-
sands of radiocarbon dates from various regions of the world.
Since 2014, two of us (ER and RLK) have been funded by the
National Science Foundation to collect radiocarbon dates from
the lower 48 US states and deposit them into CARD. The majority
of these dates come from cultural resource management (CRM)
site reports, a literature traditionally accessed primarily by regional
specialists with deep knowledge of a region’s archaeology and
physical access to paper reports. At present, with just over
$900,000 in funding, we have collected approximately $22.5 mil-
lion worth of publicly funded radiocarbon dates (assuming an
average of $300/date). Consequently, this project puts the results
of millions of dollars in public funding into the public domain.
Once there, archaeologists can use them to investigate grand
challenges (Kintigh et al. 2014), such as the growth of human
populations on earth and the long-term history of
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human-environment interactions at unprecedented spatial
and temporal scales (e.g., Chaput and Gajewski 2016; Chaput
et al. 2015; Freeman et al. 2018; Robinson et al. 2019; Zahid et al.
2016).
Spatial data present the greatest challenge in making archaeo-
logical radiocarbon datasets openly available (Bevan 2012; McCoy
2017). Ideally, each radiocarbon date that we submit to CARD
would have metadata that include precise spatial coordinates.
CARD ensures that such data do not fall into inappropriate hands
by masking site location at 1:2,000,000 on the public side of the
website and by vetting individuals requesting access to the data.
However, due to Section 9 of the Archeological Resources
Protection Act of 1979 and following SAA Ethical Principles 1 and
6 , the only spatial data we submit to CARD is the county centroid
for each date. This imposes serious limitations on the potential
future use of these data.
This article seeks to open a dialogue about the importance of
spatial data for national-scale archaeological databases. We do so
by presenting a new method to model large radiocarbon data-
bases within transient paleoclimate zones. This method provides a
foundation for collaboration among archaeologists, paleoecolo-
gists, and paleoclimatologists. Archaeology can make unprece-
dented contributions to interdisciplinary problems facing
contemporary societies. But this potential contribution is limited
when the quality of the spatial data is poor.
RADIOCARBON “BIG DATA” AND
“DATES AS DATA” APPROACHES
Archaeologists recognized the utility of radiocarbon dates as more
than just a way to date sites and strata in the 1980s. Michael Berry
and the late Claudia Berry (Berry 1982) set the stage for using
aggregated radiocarbon dates as proxy evidence for the growth,
decline, and migration of prehistoric human populations (see also
Wright 1982). John Rick (1987) later gave the approach its name:
“dates as data.” This approach was based on the assumption that,
when summing all of the radiocarbon date frequencies from a
particular region at some temporal interval, high frequencies of
dates reflected larger populations, and low frequencies reflected
smaller populations. Essentially, more dates equaled more peo-
ple. This method provided an alternative to traditional demo-
graphic studies that relied on the preservation of skeletal material
or the tabulation of a particular artifact type (e.g., pottery sherds),
It therefore offered a more spatially and temporally representative
proxy of prehistoric human demography on Earth.
Also in 1987, Richard Morlan of the Canadian Museum of
Civilization and Roger McNeely of the Geological Survey of
Canada Radiocarbon Laboratory participated in a meeting at Yale
University organized by the late Renee Kra to develop an
International Radiocarbon Database (Gajewski et al. 2011; Kra
1989). Although that round of efforts was shelved in the early
1990s (Elliott 2001), Morlan set about developing his own
Canadian database, initially focusing on his particular regions of
interest (Gajewski et al. 2011). The database blossomed into
CARD, now housed at the University of British Columbia
(Martindale et al. 2016).
As of January 2019, CARD houses or provides a portal to more
than 100,000 dates from around the world. We have contributed
approximately 40,000 dates to CARD from the 11 western US
states. We also have another roughly 35,000 dates from the rest of
the United States that we will eventually release to CARD. Most of
the other data in CARD has been uploaded by various inde-
pendent research projects. A good number of these projects were
carried out in order to apply “dates as data” approaches to the
reconstruction of paleodemography across millennia in various
regions of the world. These projects have confronted the various
biases (calibration, collection, taphonomic, and energetic) inher-
ent in the data and helped make radiocarbon data the most
spatially and temporally robust data available for reconstructing
prehistoric human demography at regional and global scales.
Despite these advances, work remains to make “dates as data”
approaches applicable to interdisciplinary research that integrates
archaeological and paleoenvironmental data to understand
long-term human-environment interactions. Providing a founda-
tion for interdisciplinary research on human population ecology
and long-term sustainability is possibly the area where “dates as
data” approaches can make their most impactful contribution to
archaeology’s grand challenges. To do so, however, we must
overcome what we call “the spatial hurdle.”
Overcoming the spatial hurdle requires two interrelated advances.
First, “dates as data” approaches by necessity are conducted
within a region (often contemporary administrative space, such as
a state). Developing radiocarbon time series to analyze human
demography through time within a region does not consider the
environmental variability within that region that established
adaptive constraints on past populations. Moreover, analyses of
human demography through time must track immigration and
emigration, which are central considerations of population ecol-
ogy (Berryman 1999). Failure to overcome the spatial hurdle limits
the extent to which “dates as data” approaches can be integrated
with paleoenvironmental data and therefore used in interdiscip-
linary research on human population ecology and long-term
sustainability.
In this article, we propose a method that enables researchers to
investigate the dynamics of human paleodemography between
different paleoclimate and environmental contexts. Operationalizing
this method, however, requires accurate spatial data. Without them,
we are unable to conduct robust analyses of human demographic
dynamics within the context of different paleoenvironments. We
illustrate this below.
A CLIMATE MODEL APPROACH TO
“DATES AS DATA”
Investigation of prehistoric human-environment interactions
requires embedding prehistoric human populations in their
environments. A considerable challenge in meeting this goal
arises from the dynamism of paleoenvironments themselves,
which was caused, in turn, by the dynamism of past climate
changes. We must therefore contend with the transient nature of
paleoclimate change if we wish to investigate prehistoric human
population growth in different environmental contexts. Otherwise,
static projections of paleoenvironments provide false baselines for
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human-environment interaction through time. The method we
present here embeds prehistoric human demography in transient
paleoclimate and environmental space by developing different
climate zones in which we reconstruct paleodemography. This
enables us to reconstruct human population dynamics throughout
the Holocene, compare population ecology in different paleo-
climate zones, and evaluate migration processes between differ-
ent zones.
GIS Analysis of Paleoclimate Zones
Statistical methods that digitally downscale and spatially grid
large-scale earth system models (ESM) have made the analysis of
high-resolution climate variables possible within GIS models. This
study uses digitally downscaled and debiased Community Climate
System Model 3 (CCSM3) data, developed by Lorenz and collea-
gues (2016), of average annual precipitation (PPT) and growing
degree days (5°C base, GDD5) to model and recreate the geo-
graphic extent of paleoclimate zones in the American West from
10,000 to 500 cal BP. The spatially gridded CCSM3 climate data
geoprocessed in a GIS model allow us to examine past climates at
a relatively high temporal resolution. Although the CCSM3 data
do not account for inter-annual, decadal, or century-scale changes
in climate regimes, they do allow us to track large-scale temporal
trends across the Holocene.
The CCSM3 data (Lorenz et al. 2016) used in this analysis are
comprised of climate data layers (climate grids) for North America
based on model simulations of a coupled atmosphere-ocean
general circulation model (He et al. 2013; Liu et al. 2009; Lorenz
et al. 2016). The downscaled and debiased CCSM3 model devel-
oped by Lorenz and colleagues (2016) was originally forced using
trends in orbital parameters, ice sheet extent and height, sea level,
greenhouse gases, and meltwater pulses to the North Atlantic. To
achieve a temporal domain of 500 years, Lorenz and colleagues
(2016) downscaled the CCSM3 model to 0.5 degrees using bilinear
interpolation and then hindcast those results based on compari-
sons to modeled present climate into century-scale bins of 200
years, centered on 500-year intervals (Lorenz et al. 2016).
The paleoclimate zones presented here were created using the
Maximum Likelihood Classification (MLC) function in ArcGIS 10.5
with Spatial Analyst (Nicholson 2017; Tercek et al. 2012), with the
PPT and GDD5 from the CCSM3 datasets in 500-year intervals
starting at 10,000 cal BP. MLC is a multivariate spatial tool designed
to categorize analogous environmental and other geographic
variables into a user-specified number of classes (ESRI 2011). MLC
considers both the variances and covariances of class signatures
when assigning raster cells to a particular class. These classes are
characterized by the mean vector and a covariance matrix, with the
assumption that the distribution of a class sample is normal. Given
these characteristics for each raster cell, the statistical probability of
an area being similar to another is computed to determine the
membership of the cells to each class (ESRI 2011). We use PPT and
GDD5 because these variables are common components of
climate zone delineations (Kottek et al. 2006; Metzger et al. 2005;
Nicholson 2017; Peel et al. 2007; Tercek et al. 2012).
The first step of the MLC analysis was to define our study area and
then “clip” the CCSM3 raster datasets to our region of interest.
We then created IsoCluster signature files to define the variance
and covariance of PPT and GDD5 for each 500-year interval. The
signature files use a clustering algorithm to determine the char-
acteristics of the natural groups of cells in multidimensional space.
We created IsoCluster signature files of PPT and GDD5 for 15
climate zones for the western United States based on Metzger and
colleagues’ (2013) delineation of climate zones for the entire
modern global land surface. Prior to creating these climate zones
for the entire globe, Metzger and colleagues (2005) developed a
clustering algorithm to classify the number of environmental
zones across the Earth based on statistical stopping tools (Bunce
et al. 1996). As Metzger and colleagues (2013) had already
established the number of climate zones (15) for the western
United States, they used this number in the MLC as the number of
classes. Note that although there are 15 climate zones, only 11
have radiocarbon dates in Wyoming and Utah.
We gave the modeled paleoclimate zones descriptive names
based on Metzger and colleagues’ (2013) nomenclature, and we
derived the precipitation and temperature classifications by
extracting raster values with the Zonal Statistics Tool in ArcGIS
10.5 Spatial Analyst. We created six categories of temperature
based on GDD5 to classify descriptive levels of temperature using
the mean and standard deviation values. We also used the same
method for classifying precipitation regimes to derive five cat-
egories of average annual precipitation. We concatenated final
climate categories based on the combination of PPT and GDD5
values for each delineated climate zone for each time period.
Figure 1 displays the climate zones and the locations of sites for
each 500-year interval.
While others discuss the validity and reliability of the modeled
global climate model inputs (Hargreaves 2010; Hargreaves et al.
2013; Kohfeld and Harrison 2000; Nikolova et al. 2013; van den
Hurk et al. 2013), it is not possible to statistically verify the shape of
the modeled paleoclimate zones presented here because many
past ecological communities lack modern analogs to make
equivalent climate comparisons (the so-called no-analog climates;
Gonzales et al. 2009; Jackson and Overpeck 2000; Veloz et al.
2012; Williams and Jackson 2007; Williams and Shuman 2008).
These no-analog climates make correlating fossil pollen data to
the paleoclimate zones modeled here unfeasible because the
climate envelopes for many of the plant taxa used to reconstruct
past climates are elastic. This elasticity is evidenced specifically by
intraspecies adaptation to local environments, atmospheric levels
of CO2, and the potential evolution/adaptation of a species to
new environments based on continental- to local-scale climatic
changes (Veloz et al. 2012; Williams and Jackson 2007). Thus, the
15 paleoclimate zones delineated and classified in this study are
mathematical estimates of real-world, abiotic processes and
should be viewed as our current best estimate of the climate
landscape during the Holocene.
Developing Radiocarbon Time Series within
Paleoclimate Zones
We develop summed probability distributions (SPDs) of radiocar-
bon date frequencies from each of the 11 climate zones with dates
in Utah and Wyoming, two states where we have large radiocar-
bon datasets as well as specific site locational data. SPDs are
developed from both the precise latitude-longitude or UTM data,
and from centroids for each county, for each date. We compare
the results obtained for each zone using three spatial resolutions
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of the radiocarbon data, state, county, and specific levels. As
mentioned above, we use county centroids because these are the
level of spatial resolution for each date that we submit to CARD
and that are effectively coded in sites’ Smithsonian numbers.
A central challenge in working with radiocarbon big data is the
variable quality of the individual radiocarbon dates in each state
dataset, and we caution researchers against simply downloading
and immediately using all dates without implementing some sort
of selection criteria. First, despite being called an “archaeological
radiocarbon database,” CARD also contains geological and
paleontological dates. We must therefore select only archaeo-
logical dates. Second, because of the considerable role of vari-
able legacy data in these datasets, some dates do not have
associated lab numbers. In order to conduct work within an Open
Science approach that provides the means for testing and repli-
cating results, any analysis must have a lab number for each date
used. Third, only normalized dates should be calibrated and
summed, which requires us to omit all measured dates (or accept
these as normalized dates with an assumed δ13C value). Fourth,
the older legacy dates have errors anywhere from 300 to 1,000
years. In this analysis, we only include dates with errors <200 years.
Lastly, in order to correct for sampling biases caused by over-
sampling at a particular site, we use only dates with associated site
IDs. Using these criteria alongside the requirement that each date
have a georeference, Utah’s dataset decreased from 3,363 to 1,126
dates, and Wyoming’s decreased from 5,830 to 2,570 dates.
The first step in our method requires that we embed each geor-
eferenced date into one of the 11 designated climate zones.
Because these different zones are broken down in 500-year
intervals, we start by calculating the median calibrated age for
each individual radiocarbon date. We do this in OxCal version 4.2
(Bronk Ramsey 2009) using the IntCal13 calibration curve (Reimer
et al. 2013). These median dates place each radiocarbon date into
a specific climate zone for each 500-year interval. All dates for each
climate zone are then exported from the GIS in order to create an
SPD for each zone.
We develop two sets of SPDs using the rcarbon package (Bevan
et al. 2017) in the R statistical computing language (R Core Team
2014), one using precise site locational data and the other using
county centroid data. Rcarbon enables the calibration of dates,
the binning of calibrated dates from the same site, the aggrega-
tion of dates and development of SPDs, Monte Carlo simulations
providing tests for significant positive or negative deviations of the
SPD from a selected null model, and permutation tests to com-
pare different regions to each other. As our sample sizes for each
climate zone vary, Monte Carlo simulations are important for
determining spurious peaks or troughs in the SPDs versus truly
FIGURE 1. Map series of 14C site locations and paleoclimate zones in 500-year intervals, from 10,000 cal BP to 500 cal BP.
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significant deviations from the null model. Despite these varying
sample sizes, Timpson and colleagues (2014) have shown the
robustness of the rcarbon method even with small sample sizes.
Our analysis calibrated dates using the IntCal13 calibration
curve (Reimer et al. 2013). We used the binning function of
rcarbon to aggregate multiple dates from the same site that
are within 100 calibrated years of each other. SPDs were
developed with a 100-year running mean. We carried out 500
Monte Carlo simulations comparing the empirical SPDs against
a null model of exponential growth. We did not correct for
taphonomic bias for two reasons. First, the exponential null
model assumes the same increasing loss of radiocarbon sam-
ples through time (Crema et al. 2016). Second, taphonomic
correction (Bluhm and Surovell 2018; Surovell et al. 2009) does
not alter the amount of significant positive or negative devia-
tions from the null model compared to non-taphonomically
corrected SPDs; it just increases the frequencies of radiocarbon
dates for all SPDs in the middle Holocene relative to the late
Holocene.
RESULTS: PALEODEMOGRAPHY AND
PALEOCLIMATE
As noted above, this paper proposes a new method for recon-
structing human paleodemography from radiocarbon SPDs. This
FIGURE 2. Radiocarbon Summed Probability Distributions (SPD) for Utah and Wyoming. Black line: empirical SPD with 100-year
running mean. Gray band: exponential null model with 95% confidence limits. Blue: significant negative deviations from the null
model (i.e., population “busts”). Red: significant positive deviations from the null model (i.e., population “booms”).
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method moves beyond traditional approaches that develop SPDs
for arbitrarily defined geographic regions. We propose develop-
ing SPDs from transient climate models that can provide more
realistic assessments of the geographic and environmental spaces
inhabited by prehistoric human populations. This method requires
high-quality spatial data, which we will critically assess here.
State-Wide SPDs Versus Climate Zone SPDs
Figure 2 shows the Holocene SPDs for the entire states of Utah
and Wyoming. Figure 3 shows the SPDs for the different climate
zones using precise site locational data for each radiocarbon date.
Figure 4 compares the significant population “booms” and
FIGURE 3. Radiocarbon Summed Probability Distributions (SPD) for climate zones with precise site locational data. Black line:
empirical SPD with 100-year running mean. Gray band: exponential null model with 95% confidence limits. Blue: significant
negative deviations from the null model (i.e., population “busts”). Red: significant positive deviations from the null model (i.e.,
population “booms”).
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“busts” from SPDs at the state-wide level to the different climate
zones.
Figure 4 displays the unique power of the “dates as data”
approach to provide coarse-grained reconstructions of human
paleodemography. At the state-wide level, some interesting
patterns are immediately apparent. First, we see that during the
early Holocene, Wyoming exhibits significant population busts,
while Utah shows a slight boom within a broader period that
fits within the expected trends of the exponential null model.
The opposite occurred during the middle Holocene, when we
see a population boom in Wyoming at the same time that a
FIGURE 3. Continued.
The Importance of Spatial Data to Open-Access National Archaeological Databases
November 2019 | Advances in Archaeological Practice | A Journal of the Society for American Archaeology 401
population bust appears in Utah. At this coarse-grained scale, these
patterns suggest possible population migration. We reiterate that
the coarse-grained nature of SPDs provides first approximations,
enabling the development of testable hypotheses (Williams 2012).
These state-wide comparisons suggest that future research explore
and test hypotheses for the migration of populations out of the
eastern Great Basin during the middle Holocene.
However, when we compare state-wide trends to the different
climate zones, the hypothesis for human migration becomes more
complex. Significant population booms or busts are not recorded
for each climate zone during the early and middle Holocene. This
suggests more complex and nuanced vulnerabilities to booms or
busts for different environmental contexts.
The different climate zone SPDs suggest that certain zones might
have been more susceptible to demographic fluctuations than
others. This enables us to ask questions that align with central
questions in population ecology, such as the processes by which
species inhabit and fill in different landscapes (Allee et al. 1949;
Berryman 1999; Fretwell and Lucas 1969). The ability to ask
questions that align with population ecology is a key benefit of
climate zone approaches to SPDs. The climate zones in Figure 4
enable us to have a coarse-grained perspective on how prehistoric
human populations filled in different ecosystems throughout Utah
and Wyoming during the Holocene. The patterns of different
booms, busts, and expected populations between the different
climate zones highlight how, during the early and middle
Holocene, human populations were able to adapt to environ-
mental or social perturbations by simply moving from one envir-
onmental context to another. This ability to migrate is apparent by
the mix of booms, busts, and expected population levels for the
different time slices during the early and middle Holocene. The
late Holocene highlights a very different situation, in which we see
a greater number of contemporaneous booms or busts across all
climate zones. The large number of population busts across most
climate zones ∼3000 cal BP suggests something like the begin-
ning of a broad-scale population turnover, with populations
starting to grow ∼2000 cal BP, populations booming from ∼2000–
1000 cal BP, and populations busting after ∼1000 cal BP. At this
coarse-grained scale, it appears that the relatively contemporan-
eous boom and bust pattern across different environmental con-
texts shows that human populations were saturating landscapes
throughout Utah and Wyoming during the late Holocene.
Whereas early and middle Holocene populations were able to
move freely among different environmental contexts because they
were sparsely populated, late Holocene populations had to con-
tend with landscapes that were fully populated—which, we pro-
pose, initiated new population ecology processes guided more by
endogenous social-ecological, and perhaps epidemiological
(e.g., Phillips et al. 2018), processes. This might be attributed to
both the impact of the spread of domesticated plants into certain
zones (Simms 2008) and large-scale migration into the region (e.g.,
Madsen and Simms 1998; Thomas 2019). This widespread popu-
lation boom-bust ∼1000–700 cal BP is the subject of ongoing
research, as it appears to have occurred across many regions
throughout North America and even the world (Chaput and
Gajewski 2016; Freeman et al. 2018; Peros et al. 2010).
Although it is not our aim in this article to further elaborate on
these initial interpretations, our comparison of state-wide and
climate zone SPDs indicate that climate-zone SPDs provide an
exciting foundation for asking fundamental questions about
human population ecology. The coarse-grained scales offered by
climate-zone SPDs also enable new perspectives on some of the
most dominant research themes in the archaeology of the western
United States, such as the Numic Spread hypothesis, the spread of
maize agriculture beyond the Southwest, and the widespread late
prehistoric collapse of populations across different social-ecological
contexts throughout the West.
Precise Site Location SPDs versus County
Centroid SPDs
As we are currently releasing data that we have collected from
our NSF project to CARD in the form of county centroids, we seek
to compare results of climate-zone SPDs using county centroid
FIGURE 4. Comparison of significant population “booms” and “busts” between states and among climate zones with precise site
locational data. Black: population “busts.” Gray: population “booms.” White: no significant deviation from the exponential null
model.
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versus those using precise site locational data. We developed SPDs
for county centroid climate zones using the same parameters we
used for the SPDs with site locational data. Figure 5 shows these
different SPDs. Figure 6 compares the booms and busts for the
different climate zones using centroid versus site location data.
The assignment of the spatial location of each radiocarbon date to
a specific climate zone for a 500-year interval shows significant
mismatches between the county centroid data and site locational
data for each state (Wyoming χ2 = 963, df= 19 p < 0.000; Utah
χ2 = 176, df = 19 p< 0.000). Table 1 shows the number of total
mismatching dates assigned to climate zones for each 500-year
interval for Utah. In total, there is a significant mismatch for Utah,
where 53% of the radiocarbon dates using centroid data were
assigned to the wrong climate zones than with precise site loca-
tional data. Table 1 also shows the number of total mismatching
FIGURE 5. Radiocarbon Summed Probability Distributions (SPD) for climate zones with county centroid data. Black line: empirical
SPD with 100-year running mean. Gray band: exponential null model. Blue: significant negative deviations from the null model
(i.e., population “busts”). Red: significant positive deviations from the null model (i.e., population “booms”).
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FIGURE 5. Continued.
FIGURE 6. Comparison of significant population “booms” and “busts” between different climate zones for county centroid and
site locational data. Black: population “busts.” Gray: population “booms.” White: no significant deviations from the exponential
null model.
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climate zones for Wyoming. In total, there is a significant mismatch
for Wyoming, where 77% of the radiocarbon dates using centroid
data were assigned to the wrong climate zones than when using
precise site locational data.
CONCLUSION
Given the size of most counties in western states, it is no surprise
that low-resolution county centroid data causes the misassignment
of dates to particular climate zones. The point is that such data
cause major problems for using open-access radiocarbon dates for
research on human paleodemography and human-environment
interaction throughout prehistory. As Figure 6 illustrates, the county
centroid data show more booms and busts than the precise site
locational data. This could lead to overinterpretations of prehistoric
human population dynamics, with the different climate zones
seeming more vulnerable to boom-bust dynamics. As SPDs are
coarse-grained, first approximations of prehistoric demography, we
must minimize overinterpretations such as these. Furthermore, for
certain periods of time in certain climate zones, county centroid
data show busts when the site locational data show booms. The
precise site locational data provide not only more realistic and
accurate reconstructions of human demography in paleoclimate
space but also more conservative assessments of the data, which
can minimize the potential for misinterpretation or overinterpreta-
tion of these coarse-grained population trajectories.
We have made the case here for the use of locational data that is
as precise as possible. And this is as important to research as it is
to CRM, which needs access to spatial data to plan for develop-
ment and land management. Obviously, there is really no argu-
ment that precise data are more useful than imprecise data. The
problem comes in accessing those data. A researcher has the
option to seek site locations from the relevant state authorities.
But if one’s research question requires multiple states, or the
entire country, that researcher will encounter a considerable
amount of additional work and may be denied access, leaving a
gap in data and forcing a less precise analysis.
So, what to do? How do we protect sites and yet make spatial data
available to researchers with minimal effort? We note that the SAA
has recently created a Task Force of Sharing Public Outcomes of
CRM, chaired by Joshua Wells (Indiana University, South Bend),
whose mandate includes drafting guidelines for the sharing of site
location for research purposes. We look forward to the task force’s
report and offer three suggestions.
First, this issue requires a conversation with relevant federal agen-
cies, beginning with the lead agency on archaeological matters:
the National Park Service. All parties, including federal and state
entities, must recognize that we no longer operate in the research
environment that existed when protective legislation was enacted
in the 1960s and 1970s. A regional study in the 1970s was probably
contained within a state, but one today might encompass the
continent (or even the world; see Freeman et al. 2018). The idea of
Big Data didn’t exist in the 1960s and 1970s, nor did the technology
to store and analyze large datasets that crosscut state boundaries.
This has now changed. By controlling access to data, state
authorities, as well as the federal authorities that provide legislative
guidance, must recognize their ethical responsibility to assist in this
new research paradigm. This includes the recognition that tribal
sovereignty and consultation are central to developing new
guidelines for data sharing in the twenty-first century.
Second, state authorities could require that database gatekeepers
(such as CARD) explicitly accept responsibility for the misuse of
information contained in their databases. This might take the form
TABLE 1. Comparing Mismatching Climate Zones between
Precise Site Location Data and County Centroid Data for Utah
and Wyoming.
Utah
cal BP Match Mismatch %Mismatch Grand Total
500 54 84 61 138
1000 141 115 45 256
1500 67 101 60 168
2000 117 60 34 177
2500 21 20 49 41
3000 27 18 40 45
3500 15 21 58 36
4000 4 20 83 24
4500 18 11 38 29
5000 8 13 62 21
5500 3 7 70 10
6000 7 4 36 11
6500 5 6 55 11
7000 5 6 55 11
7500 6 38 86 44
8000 4 18 82 22
8500 7 29 81 36
9000 7 11 61 18
9500 11 6 35 17
10,000 1 5 83 6
Wyoming
cal BP Match Mismatch %Mismatch Grand Total
500 14 51 78 65
1000 103 333 76 436
1500 112 279 71 391
2000 17 95 85 112
2500 20 43 68 63
3000 27 55 67 82
3500 24 85 78 109
4000 28 112 80 140
4500 50 158 76 208
5000 56 169 75 225
5500 28 97 78 125
6000 37 137 79 174
6500 40 130 76 170
7000 12 57 83 69
7500 11 51 82 62
8000 6 42 88 48
8500 4 17 81 21
9000 5 20 80 25
9500 3 20 87 23
10,000 0 10 100 10
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of language in, for example, memoranda of understanding
(MOUs) that absolve state authorities from responsibility should
data given to databases be misused. Additionally, and accord-
ingly, gatekeepers should create rigorous vetting procedures and
publish them. These could include notification of the relevant
state authorities when a state’s data are downloaded.
Third, locational data in databases could be made intentionally
imprecise at a scale that protects site location and yet allows
researchers to proceedwithmost spatial analyses. For example, site
location could be masked by taking a site’s actual location,
choosing a random direction (0 to 359 degrees), and then choosing
a random distance (e.g., between 2 and 5 km). That might be
enough to ensure that unauthorized personal could not find the
actual site (the published location would always be, in this example,
at least 2 km away in an unknown direction) but not so far off that it
would impede spatial analyses. Such an approach would also alert
analysts to themaximum level of error in spatial data and allow them
to decide whether it is acceptable for their research.
The era of Big Data is upon us. It requires that we rethink how we
approach the control and dissemination of information, and that
means an open dialogue concerning the quality of open-source
spatial data. If not, our discipline will miss a unique opportunity to
make important contributions to the public that funds our work.
And if we cannot learn from prehistory, then that hands ammuni-
tion to those who would seek to recall protective legislation.
The future preservation of the archaeological record goes
hand-in-hand with its ability to be used by researchers and
accessed by all stakeholders (Clarke 2015; Faniel et al. 2015;
Huggett 2015; Kansa 2012).
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